Some crystal contacts are biologically relevant, most are not. We assess the utility of combining measures of size and conservation to discriminate between biological and non-biological contacts. Conservation and size information is calculated for crystal contacts in 53 families of homodimers and 65 families of monomers. Biological contacts are shown to be usually conserved and typically the largest contact in the crystal. A range of neural networks accepting different combinations and encodings of this information is used to answer the following questions: (1) is a given crystal contact biological, and (2) given all crystal contacts in a homodimer, which is the biological one? Predictions for (1) are performed on both homodimer and monomer datasets. The best performing neural network combined size and conservation inputs. For the homodimers, it correctly classi®ed 48 out of 53 biological contacts and 364 out of 366 nonbiological contacts, giving a combined accuracy of 98.3 %. A more robust performance statistic, the phi-coef®cient, which accounts for imbalances in the dataset, gave a value of 0.92. Taking all 535 non-biological contacts from the 65 monomers, this predictor made erroneous classi®cations only 4.3 % of the time. Predictions for (2) were performed on homodimers only. The best performing network achieved a prediction accuracy of 98.1 % using size information alone. We conclude that in answering question (1) size and conservation combined discriminate biological from non-biological contacts better than either measure alone. For answering question (2), we conclude that in our dataset size is so powerful a discriminant that conservation adds little predictive bene®t.
Introduction
Most crystal contacts are artifacts of crystallization that would not occur in solution or in the physiological state. But some of the observed contacts may be biologically relevant. Determining which contacts are biological and which are not is often dif®cult, particularly when, as frequently seems to be the case for entries in the Protein Data Bank (PDB), 1 the oligomeric state of the protein is uncertain or unknown. 2 
Biological contacts
Biological contacts, which here refer to any site of in vivo recognition between macromolecules, have received more attention than non-biological contacts or comparisons of the two. Biological interfaces have been characterized in terms of their geometric features, such as planarity, shape-complementarity and circularity, in terms of their chemistry, such as hydrophobicity, preference for certain amino acid residues, and in terms of residue conservation. 3 ± 8 Although a number of studies have sought to predict the location of biological interfaces based on some of these parameters 9, 10 or to dock partners (see Sternberg et al., 11 and references therein), few have attempted to discriminate between biological and non-biological contacts, 12 a problem faced by anyone who interprets X-ray data.
Non-biological contacts
Most proteins solved by X-ray analysis and deposited in the PDB have three or more crystal contacts, and some have over 20. The sum of these contacts typically buries around 30 % of the protein surface to ensure crystal stability. 13 
Comparing biological and non-biological contacts
A number of features distinguish biological from non-biological contacts. Biologically relevant interactions tend to be more speci®c than non-biological ones, although this can be hard to detect in the crystal. 14 The promiscuity of non-biological contacts in pancreatic ribonuclease has been demonstrated by Crosio et al. 15 They showed that almost any residue on the surface of the protomer can be part of a crystal contact and that the same residue involved in two alternative contacts may interact with a different set of partners. Biological contacts tend to be larger than non-biological ones and usually constitute the biggest contact in the crystal. 13, 14, 16, 17 The amino acid composition of nonbiological contacts is much like that of the surface as a whole, 13 although observed distributions vary slightly with ionic strength of solvent. 18 Biological contacts are split on the issue of composition. Transient contacts, such as those formed in signal transduction are composed similarly to the rest of the surface, whereas oligomeric contacts have a composition intermediate between the surface and the protein core. 7, 19 Some groups have mutated residues on the surface in order to engineer non-biological contacts and so improve crystal stability. 20 Automatic discrimination of non-biological from biological contacts Automatic discrimination of biological from nonbiological contacts is desirable, and is attempted in the Protein Quaternary Structure database 2 (PQS{). Because the contact size is such a powerful discriminant, the PQS uses accessible surface area (ASA) of the buried contact area to distinguish biological from non-biological contacts, along with a number of other physical measures, which are not rigorously optimized. The method developed for PQS, when assessed against solution data for a nonredundant subset of proteins, distinguished correctly between true and false homodimers 78% of the time (Hannes Ponstingl, personal correspondence).
Ponstingl et al. 12 rigorously tested the utility of ASA and statistical``pair potentials'' as discriminants. Pair potentials are putative energies derived from a statistical analysis of observed frequencies of atom pairs at a given separation. These have been used before for predicting the location of putative biological contacts 21 and for discriminating between computer-docked protein complexes. 22 Ponstingl et al. analysed a dataset of 172 proteins, with 76 homodimers and 96 monomers. Straight ASA produced a correct classi®cation 84.6 % of the time. Their pair potential correctly classi®ed proteins in their dataset 87.5 % of the time. A modi®ed ASA score that considered the difference in size between the two largest contacts gave an accuracy of 88.9 %.
Conservation has been used successfully to explore patterns of energy and de®ne functional residues at protein binding sites. 23 ± 26 Recently we reported that, within a small and extensively researched dataset, oligomeric interfaces exhibit signi®cant residue conservation compared with comparable-sized regions of the protein surface. 8 There is a clear rationale for why biological interfaces should be conserved: the amount by which they vary is circumscribed by the importance and speci®city of their physiological role, and the degree of variability required to disrupt them. Conversely, we would expect no such selective evolutionary pressure on non-biological contacts, which are the result of human experiments and not the product of evolution. 27 The above suggests conservation may be useful in discriminating between biological contacts, which we assume will be conserved, and non-biological ones, which we assume will not. Moreover, since the measures of conservation and size are orthogonal, it is possible that combining them will provide a truly powerful discriminator.
We assess the utility of size and conservation in addressing the following two questions.
(1) Is a given crystal contact biological? (2) Given all contacts in the crystal of a homodimer, which is the biological one?
These questions are different from those posed in earlier studies that have attempted to distinguish between homodimers and monomers. They more directly test the utility of conservation in identifying biological relevance of a contact. We develop algorithms that use one or both measures to answer each of the questions above. We compare ef®cacy of these algorithms, as well as the relative contribution of size and conservation to their predictive power.
Results
We investigated size and conservation of crystal contacts in 53 families of homodimers and 65 families of monomers. A contact was de®ned as the set of residues on a protomer that lose their accessibility upon complexation with a partner. Contact conservation was measured probabilistically as P Cons . On this scale, values close to zero indicate extremely high conservation (i.e. improbable by chance) and values close to unity indicate extreme low conservation (i.e. high variability in evolution). Table 1 shows the number of biological and non-biological contacts in each dataset, and information about the family alignments. Figure 1 plots the size of contacts from each set against their conservation.
Contact size
Biological contacts were typically bigger than non-biological contacts. The average biological contact was 53.7 residues in size and accounted for 25.9 % of a protomer's surface residues. In contrast, the average non-biological contact was a mere 7.6 residues and covered only 4.2 % of the surface. Figure 2 shows distributions of contact size in the dataset. These distributions reveal substantial variation in size among both types of contact but particularly for biological ones. A signi®cant number of biological contacts occupy an area in the lower ranks of the distribution that overlap with high numbers of non-biological contacts.
The biological contact was the largest contact made by the protomer in all but one of the 53 homodimer crystals. The exception was 1uby, in which the 48 residue biological contact took second place to a 49 residue non-biological one.
Contact conservation
Biological contacts were usually more conserved than non-biological ones ( Figure 3 ). On average, biological contacts had a P Cons score of 0.26, whereas non-biological contacts scored an average of 0.67 in the homodimers and 0.63 in the monomers. The biological contact was the most conserved contact surrounding the protomer in 36 of the 53 homodimer crystals. The calculated P mostcon , which describes the probability of this happening in a null model where the most conserved contact is a random draw (see Methods), was 2.38 Â 10
À19
. Despite these ®gures, biological contacts were not exclusively highly conserved and highly conserved contacts were not exclusively biological. Figure 3 plots the distribution of conservation for the two contact types in the homodimer and monomer sets. It shows that although biological contacts tend to be conserved, these contacts exhibit a full range of conservation, with the second most frequent group at the least conserved extreme. The distributions for non-biological contacts in the homodimers and monomers are strikingly similar. In both, the mode coincides with extreme evolutionary variability whereas the remaining contacts span the range of P Cons about evenly. Figure 4 uses Bayes' theorem to combine the distributions for homodimers in Figure 3 . It consolidates the above ®ndings: the likelihood of a contact being biological diminishes as its residues become more variable in evolution. Figure 5 consolidates the relationship between size and conservation in Figure 1 , showing that although highly conserved contacts are likely to be biological, poorly conserved contacts may also be biological provided they are large.
Conservation and size did not correlate signi®-cantly. P Cons versus the number of residues in a contact gave a Spearman's rank-order correlation coef®cient 28 of À0.14. P Cons versus the fraction of surface residues buried in a contact gave a similarly insigni®cant correlation of À0.17.
Poorly conserved biological contacts
Some biological contacts were extremely poorly conserved. At the level of the alignment, a biological interface may achieve a poor conservation score either because residues in the contact vary considerably or are subject to deletions. To investigate this we devise a score, Gappyness, that measures the extent to which the biological interface coincides with gaps in its multiple sequence alignment. If Interface is the set of positions in the alignment corresponding to residues in the biological contact of the protomer, Gaps i is the set of gaps aligned to the target sequence at position i, and Aminos i is the set of residues aligned at this position, then Gappyness is de®ned as: where n(A) denotes the number of elements in set A. Gappyness for a protomer ranges from 0 %, denoting no gaps aligned to the interface, to 100 %, denoting that only gaps are aligned to the interface. The homodimers had an average Gappyness of 8.4 % with a standard deviation of 10.3 %. Gappyness is one of many possible causes of low interface conservation and so, unsurprisingly, Gappyness showed no signi®cant correlation with P Cons scores. At the level of a homologous family, a biological interface may not be conserved because other members of its family are not homodimers, other members of the family are homodimers but dimerize in a different way, or because other members of the family are homodimers but variability at the interface confers multiple binding speci®city in that family.
For the nine least conserved biological interfaces, Table 2 lists Gappyness and evidence for multiple multimeric states (MMS) within the family.
Poor interface conservation of 1alo (G 47.0 %) and 1tox (G 38.6 %) coincides with high Gappyness. 1alo is the crystal structure of aldehyde oxidoreductase (AO) extracted from Desulfovibrio gigas.
29 1alo, often referred to as MOP, is a member of the molybdenum hydroxylase family of enzymes. 30 Its 149 residue sequence alignment contains many other members of this family, most of which, judging by the available annotation, are likely homodimers. Yet despite their common multimeric state, more than half of these homologues lack MOP's N-terminal tail, which for MOP constitutes a substantial portion of the interface. In the alignment there are at least two subfamilies: the AOs, which include a MOP-like N terminus, and the xanthine dehydrogenases (XDH), which do not. Figure 6 shows that although XDH and AO are both dimers, the XDH protomer binds its partner in a quite different manner with a different part of its equivalent surface.
1tox is the crystal structure of diphtheria toxin extracted from Candida albicans.
31 1tox comprises three domains, each with a separate function: a catalytic domain (C) at the N terminus, a translocation domain (T) in the middle and a receptor binding domain (R) at the C terminus. The 21 sequences in the 1tox alignment fall into three groups: those with all three domains, those that possess only domains C and T, and those with domain C only. The missing domains bestow high Gappyness, but the variability within aligned domains is negligible. The Doss score for 1tox re¯ects this. Doss measures the diversity of conservation scores in an alignment (see Methods). A low Doss score, such as that of 1tox (Doss 34.9 %), suggests the alignment may not be suf®ciently diverse to support meaningful analysis of conservation. Examining the available annotation for sequences in the 1tox alignment reveals that many of the homologues lacking the R or T domain are fragments. This in turn suggests much of the observed variation in the alignment is indeed spurious.
Moderate Gappyness was seen in 1ad3 (G 15.4 %) and 1slt (G 15.1 %). 1ad3 is the crystal structure of aldehyde dehydrogenase extracted from rat liver. 32 It comprises three domains: one NAD-binding, one catalytic and one bridging. The 1ad3 interface is large and elaborate, and involves all three domains. The bridging domain, which is believed to be important for stabilizing the 1ad3 dimer, is absent from the vast majority of the 251 sequences in this protomer's family. The nine interface residues that lie within this domain are, as a Figure 1 . Size and conservation of crystal contacts in the homodimers and monomers. Size is plotted as the number of residues. Conservation is plotted on the P Cons scale, where 0 is highly conserved and 1 is highly variable (unconserved). Graph (a) plots size against conservation for biological (red circles) and non-biological (black squares) crystal contacts in the homodimers. Graph (b) plots these measures for non-biological contacts in the monomers (black triangles) and, for comparison, plots biological contacts in the homodimers (red circles). In each graph, a broken line represents the decision boundary devised for the heuristic predictor H abs (see Results), which attempts to automatically separate biological from non-biological classes of data based on size and conservation. These graphs show that the two classes naturally separate by size and, to a lesser extent, by conservation.
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result, aligned to GAPS in most of the sequences, leading to an overall low conservation of the interface. The existence of MMS in the family further suggests the dimeric nature of 1ad3 is not important for many other members of its family.
1slt is the crystal structure of galectin, also known as S-type lectin, extracted from bovine spleen. 33 The alignment of 1slt has gaps spread thinly throughout, rather than concentrated in a few conspicuous regions. It is likely that 1slt's poor conservation results from multiple multimeric states. Although the 1slt alignment contains few annotated sequences to support this (Table 2) preliminary runs of PSI-BLAST at lower inclusion Evalues (e.g. 0.0005) matched a large number of non-homodimeric sequences. Moreover, both dimers and tetramers occur at the level of 1slt's homologous superfamily in CATH (2.60.120.60). Lectins are a group of carbohydrate-binding proteins that exhibits a diverse range of structure and speci®city, in which heterogeneity of quaternary structure is common (see Vijayan & Chandra, 34 and references therein). MMS is also a likely cause of variability at the interface in 1aor (Table 2) . Gappyness measures the extent to which gaps in the alignment coincide with the interface (see Results). Data in the ®nal column is in the form n/N, where N is the number of Swissprot sequences in the alignment that have subunit annotation and n is the number of those sequences that are annotated as being something other than homodimer. Figure 2 . Size of contacts in the homodimer and monomer crystals. Contact size, measured as the fraction of surface residues buried in the interface, is presented on the x-axis in bins of 0.05 from 0 to 0.3 and by a single aggregate bin, labelled More, thereafter. The distributions show that biological contacts tend to be larger than non-biological contacts, but that there is a signi®cant region of overlap between these two classes.
Neither Gappyness nor MMS were present in 1bsr, which is the crystal structure of ribonuclease A extracted from bovine seminal plasma. It is often referred to as BS RNase, 35 and is considered something of an outlier among ribonucleases, being the only surviving member of the seminal plasma RNases. Seminal plasma RNases are thought to have arisen from the same gene duplication event that spawned pancreatic and brain RNases in mammals. 36 These three families are paralogues: they are homologous but have diverged in function; and whereas both pancreatic and brain RNases have many active orthologues (homologues with equivalent function), BS RNase has none. The alignment of 1bsr thus contains many such paralogues, which are under evolutionary Figure 3 . Conservation of biological and non-biological contacts in the homodimer and monomer crystals. Conservation is measured on the P Cons scale (0 strongly conserved, 1 poorly conserved). Conservation is presented in bins of width 0.1 on the x-axis. Frequency, measured as the fraction of data belonging to a given class that falls into that conservation bin, is presented on the y-axis. The histograms show biological contacts tend to be highly conserved whereas non-biological contacts tend to be poorly conserved. Figure 4 . Probability of a contact being biological given its conservation in the homodimers. Conservation is measured on the P Cons scale (0 strongly conserved, 1 poorly conserved). Conservation is presented in bins of width 0.1 on the x-axis. The height of each bar represents the probability that a contact selected at random is biological given that it has the conservation associated with its x-axis bin. These probabilities are computed according to Bayes' theorem. To avoid zero probabilities, constant pseudocounts of 1 were added to raw frequencies (according to Laplace's rule) before Bayes' theorem was applied. The histogram shows that the probability of a contact being biological sharply decreases with decreasing conservation. Figure 5 . Probability of contact being biological given its size and conservation. Contact conservation, as P Cons (0 strongly conserved, 1 poorly conserved), is presented in bins of width 0.2 on the x-axis. For clarity, each conservation range is depicted in a different colour. Contact size, measured as the fraction of surface residues buried by a contact, is presented on the z-axis in bins of 0.05 from 0 to 0.7. The y-axis (vertical) measures the probability of a contact, randomly selected from the dataset, being biological given its size and conservation. Probabilities are calculated according to Bayes' theorem after ®rst applying constant pseudocounts according to Laplace's rule. The graph shows that although larger contacts are more likely to be biological than smaller ones, high contact conservation makes this even more likely. The graph tails off around the higher values of size because there is little data for contacts in this range. and references therein). However, whereas in BS RNase the dimer association is obliged by a disul®de bond, in pancreatic RNase this constraint is absent and dimer association takes second place to a more stable monomer form. Candidate reasons for poor interface conservation of 1nsy, 2tct and 5csm were not found.

Highly conserved non-biological contacts
Some non-biological contacts were extremely highly conserved. Twenty-six (17 %) non-biological contacts achieved P Cons < 0.1. All of these were relatively small, covering less than 10 % of the surface of their parent protomer.
The most obvious explanation for why a small contact that is not a biological oligomer is conserved is that it overlaps a site of substrate or cofactor binding. 8 For each protomer we identi®ed`l igand-touching'' residues (i.e. surface residues that lose more than 1 A Ê 2 ASA upon inclusion of the PDB ligand) and deduced which contacts contained them.
Ligands were present in 36 of the 53 homodimers, providing information for 36 biological and 231 non-biological contacts. Figure 7 shows that for most of the 36 biological contacts, fewer than 10 % of their residues are ligand-touching.
Ligand-touching residues signi®cantly increased the conservation of some non-biological contacts. However, they had an insigni®cant impact on the conservation of biological contacts. This can be shown from the data in Table 3 . Among non-biological contacts, the presence of ligand-touching residues was rare and high conservation rarer still. Given the frequencies of these two properties, the number of contacts observed with both (i.e. seven) is greater than expected (expected 19 Â 35/ 231 2.9). The converse is true for biological contacts. Among these contacts both high conservation and the presence of ligand-touching residues are common. The number of biological contacts with both is 21, which is much as expected by chance (expected 25 Â 29/36 20.1). Fisher's exact test 38 (see Table 3 ) con®rms that the association between high conservation and the presence of ligandtouching residues is statistically signi®cant at the 5 % level for non-biological contacts, but not signi®cant at anywhere near this level for biological contacts. Therefore, sites of ligand-binding can lead to conservation misclassifying non-biological contacts as biological. Overlap of biological contacts with ligand-touching residues. Overlap on the x-axis is de®ned as the percentage of residues in a biological contact that are designated as ligand-touching (see Results). Ligand data were available for only 36 of the 53 homodimers. The graph shows that when overlap with a ligand-binding site occurs, it is usually moderate. 
Discriminatory power of size and conservation
Heuristic predictors
We devised the following simple heuristic predictors from a visual inspection of the raw data. The heuristic predictor for absolute assessment, H abs , traces a straight line on a graph of contact size against P Cons (such as in Figure 1 ), separating biological from non-biological contacts. Speci®-cally, a contact is predicted to be biological if and only if it covers more than 8 Â P Cons 19 residues.
The heuristic predictor for relative assessment, H rel , uses a hierarchical scheme to choose the most likely biological contact among a set of contacts. First, a subset of contacts is de®ned. Each contact in this subset must cover at least 75 % as many residues as the largest contact. From this subset, the contact with the smallest P Cons , i.e. the most conserved, is then predicted to be biological.
The heuristic predictors, having no explicit training element, were not cross-validated.
Predictor performance: absolute assessment
We applied more than 20 different neural network predictors to the absolute assessment. These spanned a range of single layer perceptron (SLP, a linear network) and multilayer perceptron (MLPx, a non-linear network with x hidden units) architectures. We tested all combinations of the three absolute measures listed in Table 4 . Figure 8 shows the accuracy of predictors in the absolute assessment, whereas Figure 9 shows the performance against random, measured by phi (see Methods), for the same experiments. These Figures show only a selection of the interesting results, with complex networks omitted if they are outperformed by simpler ones. For instance, we exclude the SLP with two size-related inputs because simpler SLPs with only one size-related input perform at least as well.
All predictors listed gave a correct classi®cation in 87 % or more of cases (Figure 8 ). phi ( Figure 9 ) provides a more balanced performance metric. By comparing the observed classi®cation against that expected by random assignment, it accounts for imbalances in the dataset. For example, phi exposes two SLPs as poor performers: the SLP with the number of residues in a contact as its sole input, and the SLP that takes both this input and P Cons . Both predictors achieve their apparently high accuracy by predicting all contacts as non-biological and the imbalanced nature of the dataset means they are correct most of the time. However, as phi con®rms, this tactic requires no discriminatory power.
Although conservation alone performed well and size alone, measured as the fraction of surface residues in a contact, performed better, Figures 8  and 9 show that a combination of size and conservation can be most powerful. For the inputs P Cons and size as a fraction of the surface, the linear network performs signi®cantly better than any network that takes only one of the two. Adding three hidden units improves performance further, although a smaller or greater supplement of hidden units does not. The input combination of P Cons and the number of residues in a contact achieves performance better than random only for MLPs, with architecture MLP3 being optimal.
The best neural network predictor in this category was MLP3 with inputs of P Cons and size as a fraction of the surface. This correctly classi®ed 48 out of the 53 biological contacts and 364 of the 366 non-biological contacts, giving a combined accuracy of (48 364)/(53 366) 98.3 %. However, even this was outperformed by the heuristic predictor H abs , which relies on nothing more than a linear separation. Figure 10 shows the performance of the same set of predictors in the absolute assessment of crystal contacts in monomers. Because there are no biological contacts in this set, the performance of predictors is ineligible for phi and most meaningfully interpreted with a pure error rate. Again, the seemingly perfect performances of the SLP with the number of contact residues as a single input and the SLP with this and P Cons as dual inputs are specious and owe nothing to discriminatory power. The error rates show SLP with P Cons as sole input, Ranked P Cons among a protomer's contacts (measured as the fractional rank, a such that the most conserved contact has a rank of 1.0, and less conserved contacts have ranks of <1) a Fractional rank is the rank of an item divided by the maximum rank for that set of items. Fractional rank takes values in the range 0-1.
MLP3 with dual inputs of P Cons and the number of contact residues, and H abs are most prone to overpredict biological interfaces. In contrast, the SLP with the sole input of size as a fraction of the surface, and the SLP and MLP3 with both that size input and P Cons are most discriminating in this respect.
Predictor performance: relative assessment
We tracked the performance of more than 40 different neural network predictors in the relative assessment. The networks tested ranged from those with a single input from Table 4 to all six inputs, and some MLPs had as many as four hidden units. Figure 11 shows classi®cation accuracy for a representative selection of the predictors tested. Predictors using relative measures (i.e. ranked size, size difference from largest contact or ranked P Cons ) as inputs typically performed better than those relying on only absolute measures (i.e. number of residues in a contact, contact size as fraction of the surface, and P Cons ) (see Table 4 for an explanation of how these inputs are de®ned).
Predictors relying on one of ranked size or the size difference from the largest contact achieved correct classi®cations for all but one protomer, 1uby, and attained the maximum accuracy achieved for any neural network at 98 %. 1uby, as mentioned above, is the only protomer for which the biological contact is not the largest crystal contact made. Thus, 98 % also corresponds to the predictive accuracy associated with simply designating as biological the largest observed contact. Alone, the relative measure of ranked P Cons had some predictive power (68 %). Combining ranked P Cons with ranked size in a linear network gave performance intermediate between that of ranked P Cons alone and ranked size alone. Successive addition of hidden units ameliorated performance, with MLP3 being maximal (data not shown). No such gradient of improvement was seen when combining ranked P Cons with size difference from the largest contact; even with a linear network, performance equaled the maximal 98 %. Neural networks relying on only absolute measures for inputs showed the same performance relative to Figure 8 . Accuracy of predictors in the absolute assessment of homodimer contacts. Predictors are presented on the vertical axis. For brevity, neural network predictors are given short names of the form network {input1, input2, . . . }. The pre®x network denotes the architecture of the network: SLP (single layer perceptron) or MLPx (multilayer perceptron with x hidden units). The names in curly braces refer to the inputs of the network: numSize is the number of residues in a contact; fracSize is the fraction of the surface covered by a contact; P Cons is a measure of the conservation for the contact (see Table 4 for fuller de®nitions). H abs is the heuristic predictor for the absolute assessment and is de®ned in Results. Accuracy, on the horizontal axis, measures the percentage of contacts a predictor correctly classi®ed (see Methods). Assessment of neural network performance is cross-validated with respect to the homodimer dataset. The graph shows that although size alone and conservation alone have predictive power, combining both measures makes predictions more accurate. Figure 9 . Performance of predictors against random in the absolute assessment of homodimer contacts. For an explanation of predictors (vertical axis), see the legend to Figure 8 . Performance is measured by phi (f; see Methods) along the x-axis. phi is more informative, if less intuitive, than accuracy because it normalizes against imbalances in the dataset. phi ranges from À1, denoting extremely poor prediction, to 0, denoting prediction equivalent to random assignment, through to 1, denoting a perfect prediction. Assessment of neural network performance is cross-validated with respect to the homodimer dataset. The graph shows linear networks using numSize perform no better than random.
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each other in the relative assessment as they did in the absolute assessment.
The heuristic method H rel beat all the neural network predictors, correctly predicting the biological contact in every case. But the difference between the 98 % of choosing the biggest and 100 % for H rel represents more than simply dealing with one recalcitrant protomer. For six of the 53 protomers, H rel used conservation to choose which contact was biological.
Discussion
The results show biological crystal contacts are typically larger and more conserved than nonbiological ones. Our analysis of contact size agrees with that of previous studies. It ®nds biological contacts are invariably large and usually the largest contact made in a crystal. Figure 1 suggests there may be some upper bound on the size of non-biological contacts. The reason for this could be principally biophysical. Consider two interacting protomer surfaces. Small sites of interaction that are¯at or complementary, either in a geometric or an electrostatic sense, will be common. But, because most protomers are globular, larger sites with these properties will be comparatively rare. Thus, unless there has been evolutionary pressure making a large site advantageous, the probability of a substantial interaction will be low. Another interpretation is that protomers are under selective pressure to avoid forming large interfaces at random. After all, if large random interactions were to occur, this would typically encumber a protomer's function.
The biological contact is the most conserved of all contacts in the crystal much more frequently than would be expected for a random distribution (P mostcon 2.38 Â 10
À19
). Moreover, the results of the association tests in Table 3 show that the pre- The names in curly braces refer to the inputs of the network: numSize is the number of residues in a contact; fracSize is the fraction of the surface covered by a contact; P Cons is a measure of the conservation for the contact; rank P Cons is the ranked conservation of a contact, rankSize is the ranked size of a contact, and diffSize is the difference in size between a given contact and the largest contact in the protomer. The inputs P Cons , numSize and fracSize are``absolute'' measures whereas the inputs rank P Cons , rankSize and diffSize arè`r elative'' measures (see Table 4 for fuller de®nitions). H rel is the heuristic predictor for the relative assessment and is de®ned in Results. Accuracy, presented on the horizontal axis, measures the percentage of protomers for which a predictor unambiguously identi®ed the biological contact. Assessment of neural network performance is cross-validated with respect to the homodimer dataset. The graph shows that relative measures have more predictive power than absolute measures, and that size alone allows near-perfect prediction. Error rate (horizontal axis) refers to the percentage of contacts misclassi®ed by a predictor. In this case, the error rate corresponds to the rate of overprediction of biological contacts. All neural networks depicted have been trained on the full homodimer set. The graph shows that the heuristic predictor H abs and the single layer perceptron with only conservation as its input most often overpredict biological contacts.
sence of nearby conserved ligand-binding sites is not the chief source of this high conservation.
Where biological contacts are not conserved, two kinds of explanation usually prevail. The ®rst relates to the availability of sequence data. Too little variation in the multiple alignment, caused by either too few sequences or too little diversity among them, can render analysis of conservation meaningless. The diversity ®lter Doss (described in Methods) goes some way to remedy this, but the example of 1tox suggests its cutoff could be stricter. Fragmented sequences in the databases can also distort the evolutionary information an alignment provides. If the residues of the biological interface are concentrated around sequence termini, which are often missing in fragments, this problem should be considered (by inspection of component sequences). The second kind of explanation is biological. Different dimerization modes (1alo) and multiple multimeric states in a homologous family (1ad3, 1aor, 1slt and 2tct) help explain why some biological contacts will not be conserved. Given that most aligned sequences lack annotation, it seems likely that the prevalence of these phenomena is underpredicted.
Non-biological contacts were usually poorly conserved, regardless of whether biological contacts were present in the same crystal (Figure 3) . A rough analysis of ligand binding sites (Table 3) suggested the high conservation of some nonbiological contacts owed much to the strict conservation of nearby catalytic or cofactor sites.
The results from the absolute assessment show that whereas size and conservation may be independently useful for classifying contacts as biological or non-biological, combining these two orthogonal measures provides predictive accuracy greater than either one alone.
The success of multilayer perceptron neural network architectures over single layer ones suggests that a single straight line is not the best predictor. Rather, it implies the optimal decision boundary is something more sophisticated, such as a number of straight lines or curves. However, the success of the heuristic H abs , which is nothing more than a linear discriminant function, belies this suggestion. Two alternative explanations may account for the disagreement. First, H abs was concocted with knowledge of the entire dataset whereas its neural network equivalent was privy to all data except that on which it was to make a prediction. This may have given H abs an unfair advantage. Second, and more plausible, is a training failure on the part of the neural network. Causes of such failure abound and include the network becoming trapped in local minima of the error surface; the error function being inappropriately or unfortunately de®ned, e.g. it does not suf®ciently penalize false negative predictions; one of the input weights has become saturated beyond the point it can be usefully modi®ed, and so on. 39 However, the training and test data are probably too limited to assess reliably the relative merits of linear over non-linear discriminants. Whereas H abs achieved the best phi for homodimers, it may be that the MLP3 architecture with inputs of P Cons and size as a fraction of the surface is more generally applicable, a postulation supported by its superior error rate in the monomer assessment (Figure 10 ). Also, if further parameters not included here were added, e.g. physical measures 10 or pair-scores, 12 a neural network would provide a more robust framework for mining these higher dimensional data than would the heuristic approach.
The performance of predictors in the relative assessment may be usefully compared with the statistical potential described by Ponstingl et al., 12 who applied statistical potentials to the same dataset to predict whether a given protomer was a homodimer or monomer. Their pair-score misclassi®ed 12 protomers: seven homodimers as monomers and ®ve monomers as homodimers. We found suf®cient sequence information for eight of the 12. Table 5 lists these eight protomers and reports how the MLP3 with inputs of P Cons and size as a fraction of the surface, i.e. the best performing neural network, and H abs classi®ed their contacts. It shows the MLP3 correctly classi®ed all contacts, thereby also correctly determining multimeric state, in six of these protomers, whereas the Table 5 . Performance of the best predictors from the absolute assessment on the protomers misclassi®ed by Ponstingl et al.
12
Correct (À/)
A classi®cation is correct () only if all contacts in a crystal structure are correctly classi®ed. The most accurate neural network was the multilayer perceptron with three hidden units that took the two inputs: P Cons and the fraction of the surface residues covered by a contact.
heuristic predictor classi®ed all contacts correctly in only three. This interpretation of the results suggests the consolidating power of the neural network may offer advantages over other methods.
The results from the relative assessment show size is an extremely powerful predictor when it comes to singling out the biological contact from a group contacts. So powerful, in fact, that adding information about residue conservation makes produces little bene®t if any. The results also show information about other contacts in the same crystal can be more useful than absolute measures for this type of assessment. The use of P Cons and fractional size are deliberate attempts to extend the notion of residue conservation and contact size beyond the scope of a single protomer. Conversely, ranked P Cons , ranked size and difference in size from the largest contact represent attempts to do the opposite. Unsurprisingly then, the relative scores are better suited to the relative assessment, and the absolute scores better suited to the absolute assessment.
The heuristic predictor H rel predicted the biological interface with 100 % accuracy. It used a hierarchical prediction scheme, ®rst choosing potential biological contacts by their size, then using conservation to break ties when size delivers ambiguous or plural results. Given the observed power of size alone, this seems a more sensible way to use conservation. However, the neural network architectures used here are not well adapted to make their decisions in this way. A given network can only look at the information about one contact at a time. Although the use of ranked P Cons , ranked size and size difference from the largest contact provide some context for a contact, they are a poor second to seeing all of the data at once.
As for the absolute measures, a larger dataset or higher-dimensional data may more sharply resolve the relative strengths and weakness of the neural network paradigm versus the hierarchical approach of H rel .
After the majority of this work had been completed, Elcock & McCammon published a paper on a related topic. 40 They used conservation to help distinguish between homodimeric and monomeric crystal structures. This is a different question from either of those posed here. They applied their method to the dataset of Ponstingl et al. 12 and to a large number of proteins in the PQS 2 database. Because they considered only the largest contact in a crystal, their results, which were promising, are not directly comparable with ours. Here, we have tried to be more statistically rigorous in assessing the value of conservation in determining the biological relevance of a contact.
Conclusion
Conservation alone provides information, which is orthogonal to that of size, that is powerful to help predict the biological relevance of a crystal contact. Conservation and size provide a potent combination for discriminating biological from non-biological contacts. Ultimately, size remains the most powerful discriminator, but conservation can discriminate between borderline cases.
Neural networks generalize the information from homodimer data well, using it to correctly infer biological relevance in the vast majority of monomer contacts. In hindsight, these two measures could be combined in a simple linear manner to produce a powerful predictor. However, it remains to be seen whether the linear separability observed here holds with a larger dataset.
One natural next step is to apply these networks to higher-order oligomers. Another is to present the predictors with more input data, such as pairpotentials or physical measures, to further improve their accuracy. A third is to apply the principles demonstrated in this work to the prediction of putative interfaces in heterodimers or transient multimers. For these types of complexes, it is less likely that the most important biological contacts will be seen in the crystal. The challenge then would be to identify potential interaction surfaces and then screen them using the criteria applied in this work.
In some oligomers it is clear why a multimeric state is important for their function. In others, the advantage conferred is not obvious. It is particularly interesting to investigate biological contacts that are unconserved. These often re¯ect the existence of multiple multimeric states, which in turn can be interpreted in two ways. It either shows the contact has no biological importance and therefore has been under no selective pressure to be conserved, or re¯ects the specialization of different members of the family to perform different functions.
In distinguishing biological from non-biological crystal contacts, some categories of proteins are more dif®cult than others. A protomer that participates in multiple interactions, such as a signalling protein or a highly regulated enzyme, may have multiple functional surfaces. In this case, although the biological partner may not be present in the crystal, the corresponding functional interface may provide a non-natural crystal contact that appears conserved. Conservation analysis is therefore useful even when the function of a protein is unknown in that it can identify functional residues. However, when function is known, it can help to elucidate the molecular mechanism of biological function and provide clues to be tested experimentally.
Methods Dataset
The dataset of Ponstingl et al. 12 was used to provide a starting point for further ®ltering. This comprised 172 non-homologous protein crystal structures of which 76 were homodimers and 96 were monomers. Atom coordi-nates were taken from the PDB. 1 A program written by Hannes Ponstingl was used to generate hypothetical contacts for each structure. It works by applying crystallographic symmetry operations to a given protomer chain to recreate atom coordinates in the asymmetric unit of the crystal. The term``protomer'' is used here to denote a component chain of a multimeric complex.
In order to calculate residue conservation meaningfully, each protein must have a suf®ciently large and diverse set of homologues. Because insuf®cient sequence information was available for some of the proteins in the initial dataset, the ®nal dataset was smaller, comprising 118 proteins of which 53 were homodimers (1a3c, 1ad3,  1afw, 1ajs, 1alk, 1alo, 1amk, 1aom, 1aor, 1aq6, 1auo, 1bif,  1bsr, 1cg2, 1chm, 1cmb, 1cp2, 1csh, 1ctt, 1daa, 1fro, 1hjr,  1imb, 1isa, 1iso, 1kpf, 1lyn, 1mjl, 1mka, 1moq, 1nsy,  1oac, 1otp, 1pgt, 1pre, 1rfb, 1ses, 1slt, 1sox, 1tox, 1trk,  1tys, 1uby, 1wgj, 1xso, 2ilk, 2tct, 2tgi, 3grs, 3pgh , 3ssi, 4 kbp, 5csm) and 65 were monomers (16pk, 1a0k, 1a6q, 1aay, 1af7, 1afk, 1ah7, 1ako, 1akz, 1am6, 1amj, 1aoh, 1aua, 1aun, 1avp, 1ayl, 1bc2, 1be0, 1bg0, 1bgc, 1bkz, 1bn8, 1bp1, 1bry, 1bwz, 1c3d, 1cki, 1dff, 1djx, 1dmr, 1esf, 1eso, 1fdr, 1feh, 1fsu, 1gci, 1inp, 1ips, 1kfs, 1mdt, 1mh1, 1mpg, 1pda, 1pjr, 1pmi, 1ppo, 1rgp, 1rhs, 1ton, 1uch, 1uro, 1xgs, 1yge, 1zin, 232l, 2atj, 2bls, 2fgf, 2ihl, 2mbr, 2pth, 2rn2, 3cms, 3sil, 8paz).
Definition of a contact
We consider only surface residues in our dataset. A residue is considered to be on the surface if its relative accessible surface area 41 (RSA) in the isolated protomer is greater than 5 % of the maximum for an extended tripeptide in which that amino acid is¯anked by alanine residues. If the residue's RSA is less than 5 %, it is considered part of the structural core of the protein. Solvent accessibility was determined using NACCESS, 42 an implementation of the Lee & Richards algorithm, 41 with a probe sphere of radius 1.4 A Ê . The surface cutoff used follows that devised by Miller et al. 43 A given protomer in the dataset is surrounded by a number of partners. Each partner touches the protomer surface, de®ning a different crystal contact. A contact is described by the set of residues on the surface of the protomer that each lose at least 1 A Ê 2 of ASA when complexed with the relevant partner. Crystal contacts that fail to bury any residues by this amount are excluded from the dataset. A given surface residue may therefore be classi®ed as one of the following: part of a biological contact, part of a non-biological contact or belonging to the rest of the surface.
Assessing conservation
Identification and alignment of homologues
Homologues were identi®ed for each protomer from the Non-Redundant DataBase (NRDB, a database of protein sequences maintained by the NCBI) using the iterative pro®le search program PSI-BLAST, 44 which was allowed a maximum of 20 iterations to reach convergence. The E-value threshold for inclusion of new homologues at each iteration was set at 10 À40 . This cutoff was strict enough to guard against pro®le drift but sensitive enough to allow detection of remote homologues, with the sequence identity of a match to the query falling as low as 5 %. The pro®le alignment used in a protomer's ®nal PSI-BLAST run was taken as the multiple alignment for that protomer. Multiple alignments comprising fewer than four sequences, including that of the protomer query sequence, were regarded as containing insuf®cient evolutionary information and were excluded.
Scoring residue conservation from an alignment
A score of evolutionary conservation, ranging continuously between 0 for unconserved and 1 for strictly conserved, was assigned to each residue in the protomer from its multiple alignment using the Cons sum of pairs score described by Valdar & Thornton. 8 Cons uses amino acid similarities inferred from PET, 45 a Dayhoff-like mutation data matrix, 46 to assess the diversity of amino acid residues at an aligned position. In this score, contributions from individual sequences are weighted inversely with their redundancy in the alignment.
Probabilistic scoring of contact conservation
Contact conservation was scored probabilistically after the``picking'' measure of Valdar & Thornton. 8 In this scheme, the conservation of a contact of size m is described by P Cons (Cons,m), the probability that a group of m residues drawn at random without replacement from the surface of the protomer has an average Cons score greater than or equal to that of the m residues in the contact. This probability is computed by simulation: m residues are chosen at random from the surface and their mean Cons recorded. This is repeated one million times to give a probability estimate with an expected error of at most 10 À3 at least 95 % of the time. Similar P-values could have been computed using simpler statistical tests that do not require simulation, e.g. the Z-test. However, the small size of some contacts was felt to undermine the assumptions made by such tests, making simulation the more robust alternative.
Low values of P Cons denote highly conserved patches, re¯ecting that such high average residue conservation would be unlikely from a chance draw. High values of P Cons denote poor conservation, likely to be bettered in a chance draw.
Filtering the dataset for uninformative cases
If sequences in a family are too similar, conservation becomes uninformative. For instance, consider a protomer with 100 surface residues; 99 have a Cons of 1 and one has a Cons of 0.5. A ten-residue contact on that surface could achieve one of only two possible P Cons scores: 1 if it contained the less conserved residue and %0.57 otherwise. This kind of granularity is undesirable; after all, it is grossly misleading for a contact of maximal conservation to receive a P-value above 0.5. To ®lter out cases in which the diversity of surface scores is not suf®-cient to support a meaningful P-value, we apply to each protomer surface a function Doss (diversity of surface scores) and reject cases that fall below a cutoff for this metric.
Although the actual diversity of P Cons scores is complex to work out, varying both with protomer and contact size, a simple count of the number of distinct permutations of residue scores indicates this property well enough. A natural measure is thus the multinomial coef®cient, conveniently expressed in Shannon's entropy. 47 For a given protomer, let All be the set of Cons scores belonging to all surface residues and Unique be the non-redundant set of these scores. Then the diversity of surface scores, Doss, is given by:
where n i is the number of instances of score i, and n(All) is the number of surface residues. Doss ranges between maximal diversity at 100 % and uniformity at 0 %.
Applying Doss to the original dataset resulted in a distribution of three parts: a minority of protomers occupied the ranges 0-25 % and 35-65 %, whereas the majority sat in the range 70-100 %. Because alignments in the lowest range were perceptibly redundant, a cutoff of 30 % Doss was chosen and all protomers with alignments falling below this threshold were excluded.
Testing whether conservation of biological contacts is significant
To test whether biological interfaces are usually more conserved than non-biological contacts, we ®rst count how many times the most conserved contact around a protomer is biological. Second, we compute the probability (P mostcon ) of observing such a result with a null model in which all contacts, regardless of type, are equally likely to be the most conserved. Last, the value of P mostcon is used to assess how well the null model accommodates the observed results and to infer whether the frequency with which biological contacts are most conserved is statistically signi®cant.
A null model is proposed that assumes biological contacts are no more or less conserved than non-biological ones. According to this model, the most conserved contact of the ith protomer is a random draw on the n i contacts that surround it. Let``success'' describe an event in which the most conserved contact is biological. The probability of a success in protomer i is then given by the Bernoulli distribution, f i :
Across N 53 homodimers, the total number of successes depends on all N distributions and has a probability mass function h f 1 *f 2 *Á Á Á*f N , where f i *f j is the convolution of distributions f i and f j . If the most conserved contact is observed to be biological m times, then probability of the null model achieving at least m successes is given by:
Discriminating biological from non-biological contacts
We examine the discrimination problem from two viewpoints, addressing the following questions: (1) absolute assessment: is a given contact biological? (2) Relative assessment: given the set of contacts associated with a protomer that is known to be homodimeric, which contact among this set is biological?
We devise a number of predictors to answer these questions using the size and conservation data available. The absolute assessment pools crystal contacts from a set of protomers. A predictor attempts to classify each contact as biological or non-biological. This assessment is performed on two sets of contacts: the homodimer set, which comprises both types of contact, and the monomer set, which contains only non-biological contacts. The relative assessment is performed on the homodimers. Predictors consider each protomer in turn, deciding which of its contacts is biological. A prediction is correct if the true biological contact only is classi®ed as biological. If other contacts are classi®ed as biological in addition to or instead of this contact, the prediction is deemed incorrect. Table 4 shows the measures available to the predictors. Predictors in the absolute assessment may use only absolute measures, whereas predictors in the relative assessment may use absolute or relative measures.
Neural network predictors
Neural networks can provide an elegant and convenient framework for classifying new data based on patterns extracted from old data. Herein, we use two types of feed-forward neural network: the single layer perceptron (SLP) and the two-layer multilayer perceptron (MLP; see Wu & McLarty 48 and references therein). The inputs are a selection of the measures listed in Table 4 and the output corresponds to the predicted class: biological or non-biological. Multilayer perceptrons may contain different numbers of hidden units, so for notational convenience if an MLP has x hidden units, it is referred as MLPx (e.g. MLP2 denotes an MLP with two hidden units).
The neural networks employed here are trained using the scaled conjugate gradient algorithm, 49 which is usually faster than the more traditional backpropagation. The number of training iterations was set constant at 100.
Assessing discriminator performance
Cross-validation
We assess the performance of the neural network predictors using a``leave-one-out'' form of cross-validation (jack-kni®ng). In this scheme, for a dataset of n protomers, a predictor is trained on data from n À 1 protomers and tested on data for the single remaining protomer. This is then repeated for each protomer in turn.
Neural network predictors are jack-knifed for the absolute and relative assessments on the homodimers. In the absolute assessment on the monomers, which contains no positive examples, networks train on the whole homodimer set.
Performance measures
Performance of predictors in the absolute assessment is measured in three ways: by accuracy, error rate and a comparison with random. All three scores can be derived from the following quantities:
p number of correctly classi®ed biological contacts n number of correctly classi®ed non-biological contacts o number of non-biological contacts classi®ed as biological (overpredictions) u number of biological contacts classi®ed as non-biological (underpredictions) t p n o u
